To solve the economic dispatch (ED) problem of multiple distributed generations in the microgrid, this paper proposes a fully distributed method by using the exact diffusion strategy which can achieve exact convergence under sparse communication network. Firstly, a multi-agent hierarchical control architecture for the microgrid is designed. The microgrid central controller (MGCC) agent does not act as centralized control but instead participates in the distributed optimization between the bottom layer agents. Furthermore, an economic dispatch optimization model is established which aims at minimizing the operation cost, optimizing the active power of all dispatchable agents including distributed generators and flexible loads on demand side, and realizing the economic utilization of resources. A modified diffusion algorithm supporting full distributed optimization is proposed to solve it, which does not depend on the ''leader unit'' and is applicable to the actual problem. The modified algorithm has faster convergence speed, higher stability and stronger expansibility than consensus algorithm. Six scenarios are adopted to verify the proposed method. The result shows that the agent framework and the algorithm can cope with changing of communication topology and realize the ''plug and play''. The output will converge to the optimal dispatch solution even if communication fails.
I. INTRODUCTION
Economic dispatch is a key issue in power system operation. With the continuous improvement of the power market and a large number of distributed generations (DG) connected to the smart grid, the interactions between source, network and load are more frequent [1] . How to control and manage distributed devices safely and economically has become one of the urgent problems to be solved [2] . Traditional ED problems often adopt centralized control method [3] , but centralized control has the following problems:
(1) The information of each device is all collected by the microgrid central controller. Each device only communicates with the central controller and receives scheduling instructions. Therefore, the communication system has heavy burden [4] . Meanwhile, it is susceptible to the single point of failure.
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(2) A large amount of data requires high speed and computing power of the central controller to process information in a short time [5] . ( 3) The development of cyber-physical systems tends to be distributed. Traditional centralized scheduling is difficult to meet the needs of smart grids in the future [6] .
To overcome the above shortcomings, many works of literature use distributed optimization methods to solve the ED problem. The bottom level of the control system gains more autonomy compared to the type centralized [7] . For achieving distributed control, an autonomous and intelligence system is needed. The multi-agent system (MAS) is an important branch of the artificial intelligence system [8] , [9] . It provides a new way to control large-scale, distributed and complex adaptive system because of its autonomy, flexibility and sociality. MAS is often used in microgrid as a distributed control system [10] - [13] .
To solve the distributed optimization problem, scholars have proposed a variety of methods. Common methods mainly include graph theory-based consensus method [4] , [14] - [17] , distributed gradient method [12] , [18] and alternating direction method of multipliers (ADMM) [19] , [20] . Consensus method makes the selected variables converge to the same value through an iterative calculation based on the communication between the agent and its neighbourhood. In [21] , a ''Leader unit'' is selected among devices. The ''Leader'' controls the increase and decrease of the group incremental cost which is the consensus variable to ensure the active power balance in the microgrid. Further, in the case of limited communication, a fully distributed economic dispatch method is achieved in [22] by cancelling the ''Leader unit''. The distributed gradient method superimposes the gradient term on the basis of the consensus method, which improves the convergence speed, but highly depends on the choice of step size [23] . Compared with the former two methods, ADMM is not limited to the consensus variables, but exchanges the information of boundary variates and solves the sub-optimization models independently. It is often used to solve complex models with multiple constraints and variables, such as dynamic DC optimal power flow (OPF) problem [24] , and energy storage location problem [25] .
Considering that the ED problem model in a microgrid is not complex, but requires high convergence speed and needs adaptively adjusting step size, the exact diffusion strategy proposed in [26] - [28] is adopted in this paper. The exact diffusion strategy is a general method to solve an aggregate deterministic optimization problem considering a collection of networked agents working cooperatively [27] . References [27] - [29] theoretically show that diffusion network has a smaller mean square error, converges faster and is more stable than the consensus network. Also, stability is independent of the combination weight. For solving the microgrid ED problem, the exact diffusion strategy is modified to realize fully distributed optimization in this paper.
Currently, the diffusion strategy is rarely used in microgrid [10] , [11] , [30] . In [11] , the microgrid economic operation strategy in both normal mode and emergency mode is proposed in hours. However, the diffusion strategy relies on the interaction of devices locally. The system propagates the information through the sparse communication network and transmitted in a very short time interval. Calculating long-term scheduling instructions imposes a huge burden on the device controller. Moreover, the dispatching time scale is too long for the underlying device response time. Reference [10] applies the standard diffusion strategy to realize real-time control of active power. However, the flexible load and line loss model are not taken into consideration. Moreover, the exact diffusion strategy we used is theoretically superior to standard diffusion strategy [27] , [28] .
The exact diffusion strategy is improved based on standard diffusion such that it can solve the real optimization problem directly with determined optimal value. It guarantees exact convergence by remove bias in standard diffusion implementations. The differences between standard and exact diffusion strategy will be analyzed concretely in section III. In this paper, the MAS is adopted to establish the control system, and the modified exact diffusion strategy is used to achieve real-time economically dispatch of agents in the microgrid. The main contributions can be summarized as the following:
(1) A hierarchical control architecture based on MAS is constructed. The types and cost functions of agents are described concretely to classify whether it is dispatchable. (2) An optimal ED model is established considering the line loss model to minimize the operation cost of microgrid including renewable energy generations, energy storage units, microturbines and flexible loads. (3) Based on the exact diffusion strategy [26] [27] [28] , we improve its gradient term to achieve active power balance in microgrid and proposes the modified algorithm to solve the ED problem. The modified algorithm can converge quickly under sparse communication topology in a short time interval. (4) The modified algorithm is implemented in a fully distributed way without any ''Leader'' agent. Examples show that the algorithm can still converge to the optimal value in the case of communication failure and ''Plug and Play''. The modified distributed iterative algorithm has higher stability, stronger scalability and greater flexibility.
This paper is organized as follows: In Section II, the hierarchical microgrid control framework based on MAS is designed, and the agent description is outlined. Section III introduces the diffusion strategy and proposes the modified exact diffusion algorithm based on the ED model of the microgrid. The optimization process of ED is demonstrated in Section IV. Section V presents the results of the case study to verify the proposed algorithm. Section VI concludes the paper. integrates renewable energy generations, conventional generators, energy storage units and flexible loads on demand side. Therefore, the multi-agent-based microgrid control system adopts a hierarchical architecture to realize fully distributed control. The topology is shown in Fig. 1 . The upper layer comprises the MGCC agent. The bottom layer comprises the device agent to implement local control, including battery agents (BA), flexible load agents (FLA), photovoltaic agents (PVA), wind turbine agents (WTA), and microturbine agents (MTA).
According to the scheduling requirements issued by the distribution network, the MGCC agent dispatches schedules to adjust the output of dispatchable power generations and loads through the optimization operation of the objective function. The instruction updates every five minutes.
The block diagram of device agents' structure is shown in Fig. 2 . Traditional control methods, such as droop control, do not require communication between devices. Whereas in the distributed control system, the data are collected and transmitted through a communication network by monitors and sensors. Communicators propagate information to their neighbour in real-time as needed, which requires high response speed and extremely short communication time [31] .
B. AGENT DESCRIPTIONS AND COST FUNCTIONS 1) RENEWABLE ENERGY GENERATION AGENTS (REA)
REA includes PVA and WTA. Excluding the equipment loss and maintenance costs under long-term operation, the cost of photovoltaic and wind turbine can be counted as zero in a short time scale.
There are two situations in the operation of a microgrid:
(1) If the installed capacity of renewable energy is relatively small, in order to improve the utilization rate of renewable energy, outputs of photovoltaic and wind turbine are set at maximum power point tracking (MPPT) when microgrid operates in grid-tied mode.
When running in the islanded mode, from the perspective of economy, priority should be given to utilization, so there is no significance of participating in economic dispatch.
(2) If the penetration rate of renewable energy is high, outputs of photovoltaic and wind turbine have been curtailed. When grid-tied, the zero cost always win in ED problem. When running in the islanded mode, the main goal of the microgrid operation is to stabilize the fluctuation, ensure the critical load power supply, keep the system safe and stable, its priority is higher than the economic target [32] .
From the above two perspectives, renewable energy agents in this paper are considered as non-dispatchable agents and do not participate in economic dispatch. In distributed communication, the mode of communication of non-dispatchable agents can be set to one-way.
2) BA
Batteries are selected as energy storage devices in this paper. Batteries have basic characteristics of energy bidirectional flow and are often used in conjunction with highly fluctuating renewable energy generations.
In most works of literature, the battery cost function shown in (1) is generally adopted [15] . Nevertheless, as a dispatchable agent, the consensus variable which is same to marginal cost in this paper, must be greater than zero. If the conventional battery cost function is used, the calculated active power always be greater than zero, which is not in line with the actual situation. Consequently, we adopt another general battery cost function proposed in [31] , as shown in (2). The upper and lower power limit constraints are shown in (3) .
where P Bj is the power of battery j, positive when discharging and negative when charging, C Bj is the cost of the power, a Bj , b Bj , c Bj are cost coefficients of function, P Bj,min , P Bj,max are lower and upper bounds of generator j, SOC is the current state of charge of the battery.
3) CONVENTIONAL DISTRIBUTED GENERATION AGENTS (DGA)
The output power of the conventional DG can be adjusted. As a dispatchable agent, its generation cost function is as follows:
where P DGt is the power of conventional generator t, C DGt is the cost of the power, a DGt , b DGt , c DGt are cost coefficients of function, P DGt,min , P DGt,max are lower and upper bounds of generator t.
4) FLA
With the continuous improvement and development of power market, flexible load on demand-side also exists in the microgrid. As a dispatchable agent, the benefit function in [17] of flexible load participating in optimization can be expressed as following (6) . This formula can be used for different load types such as resident, campus and industry, but the correlation coefficients are different.
C FLn (P FLn ) = c n P 2 FLn + b n P FLn + a n (6) P FLn,min ≤ P FLn ≤ P FLn,max (7) where P FLn is the power of flexible load n, C FLn is the cost of the power, a FLn , b FLn , c FLn are coefficients of function, P FLn,min , P FLn,max are lower and upper bounds of flexible load n.
5) MGCC AGENTS
MGCCA supposed to execute the day-ahead dispatching instructions issued by the upper-level distribution network agent, and revise the output of the renewable energy and the actual demand of the load according to the intraday situation. Meanwhile, it monitors the operation of each device and the power of point of common coupling (PCC) in and out of the microgrid, dispatches schedule every five minutes. In this paper, we do not take scheduling instructions of distribution network agent into consideration. MGCCA is only regarded as PCC agent which is participated in distributed optimization at the same level as other agents. Its marginal cost equal to the electricity price of the utility grid. The microgrid internally relies on a diffusion strategy to achieve the economic target in real-time. This process does not depend on MGCCA or any ''leadership''. The operation cost function of the microgrid is shown in (8) . Where P MG is the power exchanged between microgrid and utility grid, C MG is microgrid operating cost, P L is routine load demand,ep is electricity price.
The operating cost of each agent given above constitutes the economic objective function shown as follows, which is convex and differentiable. The objective of the ED problem is to minimize the operating cost of the microgrid.
where q i is the weight coefficient of each agent cost function and is positive, P REk is the power of renewable energy k, N is the number of agents in a microgrid. Inequality constraints are upper and lower bounds of each agent's active power output.
The Lagrangian function shown in (10) is constructed by using the objective function and power balance equation constraint in (9) , where λ is a Lagrangian multiplier.
By taking partial derivatives of variables and Lagrangian multipliers in the above equation, optimality conditions of the objective function under equality constraint can be obtained:
We set the consensus variable x to the marginal cost, as shown in (12) . The Lagrange multiplier method can be used to conclude that microgrid has the greatest economic benefit when the marginal cost of each dispatchable agent converges to the same value, namely the consensus variable x i converges to a determined value of λ [33] . The determined value is electricity price when grid-tied [10] .
This result is consistent with equal incremental principle for traditional power system economic dispatch. From the equal incremental principle, it can be known that when the cost of each device generating one unit of active power is the same, the system economy is optimal. Therefore, the optimized active power of each agent can be calculated by following (14) .
If the loss in transmission is considered, power balance constraints in (9) are written as (15) , where P loss is the line loss.
Line loss model is shown in (16) [4] , [34] .
where L i (i = 1, 2 . . . N) is the parameter of the line loss model for each generator i. According to the above steps (10)- (12) , it can be obtained that when line loss is considered, the optimized power output expression of each device is no longer (14) , but the following (17) .
B. DIFFUSION STRATEGY
The mathematical expressions of problems like distributed adaptation, statistical learning, and estimation in the case of multiple agents' aggregation and collaboration in internetwork can be written in the form of (18) [35] . Function J is convex and differentiable, and q is the weight coefficient of function and is positive. In order to solve such problems, a general diffusion strategy is adopted to solve the optimal value λ of consensus variable x.
In the internetwork, each neighbouring agent exchanges information through a communication network, and a ij is defined as the communication weight coefficient of agent i transmitting information to agent j. The element a ij in coefficient matrix A is calculated by adjacency matrix E (adjacency matrix in graph theory representing the communication relationship between the nodes). The matrix A is not required to be symmetrical.
When agent j is a neighbour of agent i, a ij is a non-negative real number; otherwise, a ij is zero.
where N i represents the set of adjacent agents for agent i. At the same time, as one of the conditions for the stable convergence of the diffusion algorithm, the matrix A must be a left stochastic matrix, satisfying A T 1 = 1, that is, the sum of matrix columns is 1. a ij needs to satisfy the following conditions [27] :
Reference [36] uses the Metropolis criterion to construct a double stochastic matrix A. Metropolis weight can ensure the stability of the algorithm and ability to adapt to the changing of topological structure.
where n i denotes the number of adjacent agents of agent i. Adapt-then-combine (ATC) diffusion strategy is shown in (22) and (23), where µ i is positive, representing step size. Generally, the user of the algorithm sets step size to a smaller constant (µ i = µ 0 ) based on experience or exhaustive method. ATC algorithm is divided into two steps [37] :
(1) Adaptation: Agent i receives information from adjacent agents and calculates gradient term of objective function J . According to the formula, the estimated value x i,k−1 is updated to intermediate variables ϕ i,k . All agents in the network perform the same steps and generate intermediate variables. (2) Combination: Agent i integrates the intermediate variables of all adjacent agents and calculates x i,k . In (22), µ i is the step size of the algorithm.
The 9-node example in [10] is used to compare the convergence speed of the diffusion algorithm and the conventional consensus algorithm. Assuming that initial values of consensus variables are x 1 = 0, x 2 = 0, x 3 = 200, x 4 = 300, x 5 = 50, x 6 = −100, x 7 = −100, x 8 = 0, x 9 = 0, and the gradient term is set to 0. We do not consider any limitation or mathematical relation such as (17) . Consequently, according to the concept of consensus variables [1] , the consensus variable converges to the average value as λ = 38.89 theoretically. From Fig. 3 below, we can see that the diffusion algorithm converges much faster.
C. MODIFIED EXACT DIFFUSION ALGORITHM
Diffusion algorithm requires coefficient matrix A to be double stochastic, which means that the requirements of communication topology and protocol are more stringent. In order to reduce the limitation on communication requirements, widen stability region and further improve convergence speed, we adopt the exact diffusion algorithm (EDA) and modify it. EDA is a distributed optimization algorithm with guaranteed exact convergence by remove bias in standard ATC diffusion implementations. The structure of the exact diffusion algorithm is similar to the previous one, but a correction step is added in two steps of ATC diffusion strategy, as shown in (24) . The EDA is divided into three steps, consisting of (22), (24) and (25) .
The gradient term supposed to be the gradient of the suboptimization objective. In order to apply diffusion strategy to the actual situation of microgrid ED problem, we propose a ''power adjustment term'' to substitute the original one, to satisfy the power balance constraint in operation. The gradient term in (22) is expressed by the following (26) .
Considering the characteristics of different nodes, the parameters of step size µ i are set as follows (27) . According to Perron-Frobenius theorem, if the matrix is primitive, then 1 is the unique maximum eigenvalue of the matrix, and p i is the Perron eigenvector, that is, the eigenvector corresponding to the maximum eigenvalue (spectral radius). The initial value x i,0 of agent i is set to an arbitrary value, I N is an identity matrix. MatrixĀ is a left stochastic matrix like matrix A, and the spectral radius and its corresponding eigenvector are the same.
D. DIFFERENCE BETWEEN EDA AND ATC ALGORITHM
When the objective function has suboptimal solutions, EDA has obvious superiority in convergence performance: The correction step of (24) can ensure that the algorithm converges theoretically and accurately to a certain value, as demonstrated below.
The ATC algorithm (22) and (23) without correction steps in the previous section can be combined and written as follows (28) .
Assuming that the variables of each agent have reached the optimal value in k-th iteration, x 1,k = x 2,k = . . . = λ. Then in k + 1-th iteration, there are:
Since step size µ i and gradient term of the objective function is not equal to zero, the variable will deviate in the k + 1-th iteration, that is ATC algorithm cannot converge to the determined optimal value. Similarly, when the variable in k-th iteration reaches the optimal value, EDA with correction step will still converge to the optimal value in all iterations VOLUME 8, 2020 after the k + 1-th iteration, as shown in (30) . The specific mathematical proof process of convergence and stability of the algorithm is described in [28] .
IV. ED PROCESS OF MICROGRID
The microgrid ED process based on diffusion strategy is shown in Fig. 4 , and the specific steps are as follows.
Step 1: Write the adjacency matrix according to the communication topology, and update the element a ij in coefficient matrix A;
Step 2: Randomly take the initial value x i,0 , let ϕ i,0 = x i,0 , initial data processing, calculate µ i .
Step 3: Determine whether microgrid is connected to the utility grid. If grid-tied, P MG in (9) is not equal to zero, the power is exchanged between microgrid and utility grid; otherwise, P MG is 0 in the equality constraint. Distributed generations and loads need to maintain power balance.
Step 4: Calculate the marginal cost function of each device according to (12) .
Step 5: According to the modified EDA shown in (22) (24) (25) and related terms shown in (26) (27) , the economic optimal solution of agent i at time k is obtained.
Step 6: Depending on whether the line loss model is considered, (14) or (17) is selected to calculate the active power P i,k of agent i at time k.
Step 7: Determine whether the power meets constraints of the agent: if not, P i,k takes the upper or lower bound of the constraint, updates x i,k , adds 1 to time k and return to step 5; otherwise, judge whether the absolute value of net load is less than an infinitesimal random number: if not, adds 1 to time k and return to step 5, if yes, the economic optimization process ends.
V. CASE STUDY
To verify the effectiveness of the fully distributed economic dispatch strategy proposed in this paper, six computational cases are simulated and analyzed based on IEEE 33-bus system and the communication topology as shown in Fig. 5 .
For any i, q i = 1, i.e. the weight of cost function of each agent is equal; assuming initial time k = 0, active power demand P L = 1100kW, REA does not participate in the dispatch, but instantaneous power output P REA = 100kW, the active power gap is 1000kW, SOC = 0.5, and electricity price is $0.171/kWh [10] . Initial output values of agents are generated randomly; parameters of dispatchable DGs and flexible loads are shown in Table 1 .
Six scenarios are studied in this paper. Scenario 1 is set in grid-tied mode, without considering upper and lower bounds of generators, that is, the constraint terms are removed from (9) to verify the effectiveness of this strategy in distributed economic dispatch. Scenario 2 to Scenario 6 are set in the islanded mode. Scenario 2 calculates the optimal economic operating point; Scenario 3 considers upper and lower bounds of generators to verify optimal economic allocation under inequality constraints; Scenario 4 considers power loss in the microgrid to verify the effectiveness of the proposed strategy combined with line loss model. Scenario 5 assumes that a communication failure occurs, and compares the results with scenario 3 to verify the adaptability and stability of the proposed strategy in the case of a change in communication topology; scenario 6 assumes that one of the agents (FLA) exits and be re-engaged to verify the ''plug and play'' capability.
A. SCENARIO 1
When grid-tied, the renewable energy unit works in MPPT mode, using the consensus algorithm for calculation, the consensus variable convergence process is shown in the following Fig. 6 .
It can be seen from Fig. 6 that all consensus variables in microgrid converge to electricity price, λ = ep = 0.1710. The calculation results of the strategy and algorithm proposed in this paper are shown in Fig. 7 .
As can be seen from Fig. 7 , the same result as in Fig. 6 can be obtained by the calculation of the improved diffusion algorithm. However, comparing iteration times of the two algorithms, the consensus algorithm needs nearly 300 iterations to get accurate results, while modified EDA only needs 35 iterations, which greatly improves the calculation speed.
According to the value of above consensus variable, the output of each device can be calculated: P DG1 = 147.50kW, P DG2 = 117.00kW, P DG3 = 96.67kW, P DG4 = 82.14kW, P DG5 = 71.25kW, P DG6 = 62.78kW, P FL1 = 71.92kW, P FL2 = 96.82kW, P B = −33.21kW, P MG = 287.13kW. The total cost: C MG = 462.73$. The system achieves the balance of supply and demand, and microgrid is economically optimal at this time.
B. SCENARIO 2
All initial conditions are the same as scenario 1, but scenario 2 is operating in islanded mode, the consensus variable convergence process of the microgrid is shown in the following Fig. 8 .
From Fig.8 , it can be seen that consensus variables converge to the optimal value under islanded mode: λ = 0.2349.
The output of each device can be calculated: P DG1 = 227.33kW, P DG2 = 180.86kW, P DG3 = 149.88kW, P DG4 = 127.76kW, P DG5 = 111.16kW, P DG6 = 98.26kW, P FL1 = 47.36kW, P FL2 = 67.79kW, P B = −10.40kW. The total cost: C MG = 471.90$. This result is larger than the cost of scenario 1 when grid-tied, which means the microgrid will pay more money to meet the same demand when islanding.
C. SCENARIO 3 The parameters are the same as above, and upper and lower bounds constraints are added into consideration. Specific values are shown in Table 1 . Referring to the calculation results of scenario 2, we can see that DGA5, DGA6, and FLA1 have exceeded their lower limits, respectively. According to the data shown in Table 1 , their lower limits are P DG5 = 140 kW, P DG6 = 120kW, P FL1 = 50kW.
In accordance with the process shown in Section IV of this paper, the convergence process is shown in Fig. 9 . It can be seen from Fig. 9 that after the over-limit occurs, DGA5 and DGA6 take the lower limit, and the active power of FLA1 is within the prescribed range after recalculating. The consensus variable in the system can converge to the new optimal value, λ = 0.2205. The output value of each device can be calculated: P DG1 = 207.62kW, P DG2 = 166.33kW, P DG3 = 137.51kW, P DG4 = 118.27kW, P DG5 = 140kW, P DG6 = 120kW, P FL1 = 52.50kW, P FL2 = 73.11kW, P B = −15.34kW. The total cost: C MG = 473.38$. Under the same initial conditions, the results of scenario 2 and scenario 3 are different. Compared to scenario 2, the cost of microgrid increases because of the limitation of power output. More concretely, agents that exceed the lower limit are forced to the output in order to comply with the inequality constraint. Based on (12) and (13), consequently, optimal value λ will increase.
D. SCENARIO 4
Based on scenario 3, taking power loss into account, the line loss model is shown in (16) , and the active power of each device can be calculated by (17) . Set line loss model parameters: L 1 = 0.00005, L 2 = 0.00006, L 3 = 0.00007, L 4 = 0.00008, L 5 = 0.00009, L 6 = 0.0001, L B = 0.00015.
The iterative process is shown in Fig. 10 , and λ = 0.2266, P loss = 9.63kW are obtained. The output value of each device is: P DG1 = 210.99kW, P DG2 = 168.01kW, P DG3 = 139.30kW, P DG4 = 118.77kW, P DG5 = 140kW, P DG6 = 120kW, P FL1 = 52.50kW, P FL2 = 73.11kW, P B = −13.05kW; total cost is: C MG = 475.51$. The total cost of scenario 3: C MG = 473.38$. The comparison shows that the total cost of the system increases after considering power loss.
In the light of (17), the larger the coefficient L i , the greater the loss caused by generator i when the same power is generated. In this example, L 1 is the smallest and L B is the largest. As can be seen from Fig. 10 , in order to reduce power loss, the output of DGA1 increases the most, while that of BA decreases the most.
E. SCENARIO 5
Assume that the communication link between DGA2 and FLA1 fails, communication between DGA2 and FLA1 is interrupted, and the adjacency matrix E changes as shown below. 
By comparing with the result of scenario 3, it can be seen from Fig. 11 that after a communication link fails, the final system consistency variable is consistent with the optimal value of scenario 3, λ = 0.2205. In other words, in the case of a change in communication topology, the system consensus variables still converge to a certain optimal value as long as the agent is not completely separated from the network, thereby verifying the adaptability and stability of the proposed ED strategy.
F. SCENARIO 6
Assume that after the system runs to the optimal value λ = 0.2205 (Scenario 3), FLA2 withdraws from the operation, adjacency matrix E will decrease by one dimension. 
Consensus variables will converge to the new optimal value λ = 0.2392, which is quite larger than before, as shown in Fig. 12 . This is because, with a dispatchable agent exit, other agents have to generate more power and variables will converge to a new larger value. At this time, the output value of each device: P DG1 = 232.77kW, P DG2 = 185.21kW, P DG3 = 150kW, P DG4 = 130.87kW, P DG5 = 140kW, P DG6 = 120kW, P FL1 = 50kW, P B = −8.85kW.
When FLA2 is re-engaged, the system can restore to the original optimal economic operation value, as shown in Fig. 13 , thus verifying the support of the strategy for ''Plug and Play'' capability.
G. COMPARISON STUDY
In this case study, a comparison is made with the fully distributed control strategy proposed in [15] without considering transmission losses. Based on the IEEE 14-bus system of [15] , the communication topology of 14 dispatchable agents is given in Fig. 14, which contains nine loads, four synchronous generators (SGs), and one battery energy storage systems (BESS). The parameters of the SGs, loads, and BESS are summarized in Table 2 . Assume that the system works in islanded mode, so the power supply should meet the demand. P SGi + P BESS + P Lj = 0 (31) Fig. 15 shows the detailed evolution process of [15] . Fig. 16 shows the result of the proposed strategy in this paper. We see that the method from [15] makes the incremental cost converge to a common value (λ = 6.61) after nearly 50 iterations, while the strategy proposed in this paper can converge to the same value within 40 iterations. By contrast, the superiority of our algorithm is evident that it has faster convergence speed.
VI. CONCLUSION
Aiming at the new situation of a massive penetration of distributed generation in a microgrid, this paper discusses the potential value of distributed diffusion strategy and applies it to the economic dispatch problem. Considering the various distributed power sources that appear in an actual situation, variable is used to find the optimal economic operation plan for each dispatchable device in the microgrid by a modified exact diffusion algorithm.
The case study shows that the economic dispatch strategy proposed in this paper can ensure the economical and stable operation of the microgrid, adequately cope with the changes of communication topology, realize the ''plug and play'' of distributed power units, and ensuring the optimal utilization of resources.
From the perspective of long-term planning, the requirement of the communication network is reduced signify that the investment of the communication network can be cut down by using the fully distributed dispatch strategy of the microgrid.
